Introduction
Estimating the relationship between marketing and response variables is fundamental to marketing-and merchandizing-related business decisions. Consider a simple example in which a retailer must select the price at which to sell a certain item. A systematic decision requires the retailer to know the relationship between the price of the item (the marketing variable) and the demand for the item (the response variable) at the various price points.
As a (slightly) more complex example, consider a situation in which the retailer feels that running a promotion on an item will lead to increased overall revenue. The promotion may take the form of a temporary price reduction achieved through the use of a coupon. Setting the face value of the coupon determines the effective price at which the item is sold, and this can be determined only if the demand at various price points is known. However, the decision is more complex if one considers other effects. If the retailer sells multiple brands of the item, reducing the price of a particular brand may result in shifting the sales from a competing brand to the promoted brand, leading to flat overall revenue. Also, shoppers may stock up on the item during the promotion period, leading to reduced sales of the item following the promotion period and net flat revenues.
Though simple, these examples illustrate the complexity of marketing and merchandizing. One may pose the problem so as to be amenable to analytical techniques by saying that an informed marketing and merchandizing decision requires estimating the multivariate relationship between marketing and response variables. Put simply, it involves knowing how the response variable(s) will change when one or more marketing variables are changed.
Estimating the behavior of a response variable to a change in the marketing variable requires data. Typically, data is collected through marketing research conducted through direct mailings, mall intercepts, telephone interviews, focused group discussion, and the like. In the simple example considered above, through telephone interviews one may simply ask the consumers to indicate the likelihood of their buying the item at different price points and use the collected data to infer the relationship between the marketing variable of interest (price) and the response variable (demand). The one-on-one interaction required in some of these modalities of collecting data (for example, in telephone interviews) coupled with the large turnaround time (for example, due to the transit time of a direct mailing to and from the respondent) and the significant number of person-hours required renders this traditional form of marketing research expensive, slow, and susceptible to inaccuracies.
The rapid growth of the Internet creates an opportunity for conducting online marketing research (OMR). Indeed, by some estimates, about 60% of the population of the United States and the European Union has Internet access. Collectively, these regions also account for a substantial amount of the world purchasing power according to the British Market Research Association (BMRA) [1] and the World Association of Opinion and Market Research Professionals (ESOMAR) [2] . Separately, various regions in Asia are also showing signs of increased Internet access. This widespread adoption of the Internet makes a large cross section of the population accessible through the Internet and ensures that the needs and preferences of a substantial and representative population of the consumers can be obtained online. This paper is motivated by the possibility of providing actionable business intelligence rapidly, systematically, and cost-effectively through OMR. Given the complexity of marketing and merchandizing decisions in modern businesses and the limitations of space that are necessarily enforced by the paper format, we have chosen to focus on some fundamental aspects of OMR. Specifically, we focus on those aspects that will benefit any serious attempt at realizing an online marketing research implementation.
We have organized the rest of the paper as follows. In Section 2, we provide a conceptual overview of a system and describe a basic setup that can be used to conduct OMR. Our focus is not on system-level internals, since these are dependent on the commercial server in which OMR is implemented. Rather, we seek to provide some idea of the chain of events that occur, the various control points for OMR, and the various innovations proposed in this paper. These innovations, we believe, are central to OMR, and we detail them in Section 3. In Section 4, we present an overview of some types of actionable business intelligence that can be obtained on the basis of the proposed system and the algorithms. We conclude in Section 5 with some discussion.
Schematic for implementing online marketing research
It is useful to distinguish between OMR and traditional business analytics. Business analytics uses existing data, perhaps collected during normal business operations, to find the relationships among variables (including marketing and response variables). In contrast, marketing research intentionally changes the marketing variable and collects the corresponding response. Data obtained from marketing research is thus more suitable for establishing the relationship between specified marketing and response variables. Consider, for example, that a manufacturer wants to know, as part of the exercise of designing a new product, the value (utility) that buyers associate with the different features of the product. Such information allows the manufacturer to implement desired features in the new product and remove the features that do not have utility for the buyers. Business analytics would attempt to uncover the utility of the features from historical sales of perhaps different models that the manufacturer has sold. However, since there was a certain feature that was always present, there is no way to establish whether the absence of that feature would affect sales. On the other hand, marketing research would change the features and attempt to determine the likelihood of shoppers buying the contrived product (for example, with a survey in which users indicate the likelihood of buying one of several contrived products). Though there are systematic methods of arriving at contrived products [3] [4] [5] , at this point we simply wish to highlight that the data collected under the proactive change in the marketing variable would be more suitable for establishing the relationship between the marketing (features of the product) and response variable (sales).
In OMR, the change in the marketing variable is done online, and the responses are also collected online. Since the process of changing the marketing variable and collecting the responses cannot interfere with the normal operation of the site, we first describe the site and highlight how the change in the marketing variable is achieved. We assume that there is a Web site whose pages comprise content typical of online sites. In particular, there are some navigation controls, there is some space for horizontal and/or vertical banner advertisements, and there is space for the main content of the page. Hyperlinks or "hot spots" embedded within the main content or navigation controls allow a visitor to navigate the site and engage in transactions offered by the site. The content of the banner advertisements is chosen by logic embodied in the recommender subsystem of the commerce server on which the online site is developed. Certain activities (for example, a purchase) require the individual to log in, while other activities do not require identification to the system. For the latter, the individual can browse the site as an anonymous user.
The marketing variable is changed through the horizontal or vertical banner advertisements. For example, when price is the marketing variable, a coupon can be shown to the user in a horizontal or vertical banner [6] . The coupon changes the effective price of the item for the shopper (change in the marketing variable), and the user s acceptance of the coupon (by clicking on it) and subsequent redemption is the response variable. There are additional mechanisms that may be used to change the marketing variable, though here we assume that all marketing variables are changed by changing the content of the horizontal or vertical banners. This does not in any way reduce the generality of the proposed approach and helps in making the discussion clearer. Figure 1 provides an overview of the chain of events. The overall flow begins with the specification of an objective on the part of the merchant-for example, "determine the demand as a function of price," or "find the effect on the sales of Brand B caused by a discount on Brand A," and so on. The marketing and response variables are identified, and a data-gathering activity is initiated. We call each such data-gathering activity an "experiment"; the deployment of an OMR experiment may utilize other subsystems of a commerce server. The OMR experiment then changes the marketing variable for selected visitors to the Web site and assigns each selected visitor to a group to create matched control and experimental groups (explained in greater detail in Section 3). The visitors (users) can be selected on the basis of their clickstream (navigation pattern), along with the user s historical transactions (if the user is logged in) and other information. Nonetheless, the use of the clickstream provides a way of selecting a user even when the user is simply browsing as an anonymous user without actually logging in.
The response of each selected user is measured either explicitly or implicitly. The experiment can execute for a prespecified time period, or an information-theoretic criterion can be used to terminate the experiment when the gain in information from additional data collection falls below a certain threshold.
For example, the control group may not see anything related to the product, and there may be three matched groups which are offered e-coupons with a discount value of 5%, 10%, or 20%. The differential response of the groups then provides a basis on which to extrapolate the demand at various price points.
Foundations of systematic online marketing research
Several innovative features required to make OMR systematic, rapid, and cost-effective are described in the sections that follow.
Matched control and experimental groups
A significant part of OMR is driven by observing the change in response resulting from a change in the marketing variable (price, bundling of products, and so on). This requires that the possible effect of any variable other than the changing marketing variable be removed. OMR achieves this through the use of matched control and experimental groups. To illustrate how this increases the accuracy of the inferences made, suppose that a merchant wishes to ascertain the demand at various price points. Say, multiple groups of customers are formed on the basis of random selection, and each group is offered the product at a certain price. The difference in the overall response of the various groups cannot be attributed entirely to the change in price (unless the sample size of each group is large). This is because differences in population characteristics also contribute to the difference in the response of the groups.
OMR thus uses the concept of matched control and experimental groups. It chooses a potential respondent using active learning (see below) and assigns the individual to the control group. Each experimental group is then assigned a unique individual who matches the individual in the control group on the basis of a specified set of user attributes within a specified tolerance. The attributes used in deciding the degree of match between the two individuals include demographics-based information, session-based information (such as shopping cart total), and clickstream information. The clickstreamderived matching criteria can be specified as follows: "Users A and B are similar if they have individually visited pages p1, p2, . . . , pn" and allows matching of users who may not be registered or who have not logged in. More systematically, we have developed a method for finding the "distance" between two clickstreams [7] . Our method is based on estimating the distance between two pages; in theory, the distance between two pages should be based on semantic analysis of the page contents. However, most Web pages contain images (or other multimedia-based data), and the present state of technology does not allow such a semantic analysis. Our method thus uses the joint probability of occurrence of two pages to estimate the distance between them. Our rationale is as follows: If users (on a statistical basis) visit a page (say, A) and then visit another page (say, B), there must be a strong content-based connection (and hence similarity) between the two pages. Mathematically, say there are C clickstreams. Denote the sequence of pages in the ith clickstream as [ (A i1 , t i1 ), (A i2 , t i2 ) , . . . , (A in , t in )], where the first subscript denotes the clickstream number and the second subscript denotes the sequence in which the page was visited during that session. The symbol A is used to represent a page, and the symbol t is used to denote the time at which the page is accessed. The joint probability of occurrence of two pages, say A m and A n , can then be defined as 
where T is the total number of page pairs considered and I [⅐] is an indicator variable defined as
A m ϭ A jk and A n ϭ A kl ; 0 otherwise, where g , v , and e are specified constants. The indicator variable evaluates to 1 if the pages are accessed within a certain distance of each other ("gap"); if the access times between successive pages are greater than a threshold ( v ); and if the individual pages are viewed for a reasonable period of time ( e ). These restrictions ensure that crawlerbased actions are excluded and that sessions which have interruptions are not considered to be co-occurring. The indicator function is thus designed such that pages which actually occur close to each other (in terms of space and in terms of time) contribute to the joint probability of occurrence. Distance between the pages can then be a monotonically decreasing function of the joint probability of occurrence [for example, 1 Ϫ P(⅐)]. The cost of transforming one clickstream into another using insertion, deletion, and replacement of page views is then taken as the distance between the clickstreams (for additional details, see [7] ). We have designed a simulator which mimics a Web site and simulates users with known interests and preferences in order to generate the data to test our algorithm. The contents of the pages are known in this simulated environment, and our comparison shows that the proposed method comes close to approximating the distance derived from semantic analysis. Of course, semantic analysis is not possible in a real setting, and the proposed method can be used as an accurate estimate of the true distances between pages and the results used to compute whether a user matches another user on the basis of their individual clickstreams.
Using the above strategy ensures that the groups are "matched" in the sense that for each user in a group, a similar user exists in each of the other groups. A marketing variable can thus be changed between the groups, and the effect of the change can be measured directly from the difference in responses of the groups (the groups are similar to each other, with the single exception that they are exposed to a different marketing variable). Clearly, it is more difficult to do this matching with the more traditional forms of marketing research, in which implicit information such as clickstream is not readily available.
Active learning
In order to conduct OMR rapidly and to limit the exposure of an experiment to the smallest possible subset of users, it is necessary to choose the respondents with care. Conceptually, the most informative participants should be chosen in such a way that it is possible to collect the required data using the minimum number of respondents. Learning from chosen participants (or "data points" in a generic context) as opposed to learning from the available data (or randomly sampled data) is often called active learning and has been the object of sustained study [8 -12] . Typically, one begins with a small set of labeled data points (previous participants whose responses are known) to find the unlabeled data point (the next visitor to the site) which, if labeled (chosen as a participant), would provide the maximal gain in information. In the present context, one may begin with a few users whose behavior is known (through observation or through manual curation) and use an algorithm to find a user whose responses to an OMR experiment would be maximally informative. Technically, the prior approaches to active learning have been based on using the known (or labeled) data to find the next most informative data point. We have developed an innovative algorithm that actually reverses the role of the unlabeled and labeled data [13] and that uses available information such as demographics and clickstream to evaluate the anticipated gain in information that would result from the individual s response. Informative individuals are chosen for participation in the online marketing research experiment.
To clarify, let the attributes derived from demographics, clickstream, and historical transactions be denoted by the vector x and the total information provided by an individual be denoted by I(xX), where X represents the individuals who have already been sampled. Then, the next most informative respondent satisfies the relation
It is possible that the most informative visitor, as determined by the above equation, may in fact never arrive during the course of the experiment. We thus recommend discretizing the entire feature space and computing the information content of the features in each feature cell. Each feature cell corresponds to an idealized user, and the most informative feature cells provide the set of most informative users. Any real user visiting the site and matching anyone from the set of informative idealized users can be selected as a potential respondent. If the set of idealized users chosen is large, it ensures that informative users are not discarded simply because they are not the most informative users.
To associate the information content corresponding to a certain feature vector (user), we form multiple models that predict the behavior of a user given x. The notion of entropy (degree of disagreement) between these multiple models is then used to characterize the gain in information that is likely to result from an individual s response. Additional details of the algorithms are available elsewhere [8] . One may observe that the true behavior of a user is not required in this evaluation-instead, the degree of relative disagreement between the models is used.
The net result of active learning is that each of the groups formed is of compact size, relieving the downstream processing load and reducing the total time required to obtain business intelligence. When an incentive is offered to the participants (such as an e-coupon or a discount on a future purchase, say for participation in a survey), active learning also minimizes the total amount of expense incurred (in terms of the cumulative total of the discounts). Further, it minimizes the number of users that are exposed to change in the marketing variable. This localization ensures that OMR can be conducted with minimal impact to the normal operation of the site.
Implicit and explicit experiments
Implicit experiments do not disturb the normal shopper flow and rely on the observed response to a change in a marketing variable for inferring the relationship between the marketing and response variables. On the other hand, explicit experiments disturb normal shopper flow and require the explicit participation of the shopper. Consider, for example, the task of estimating the demand as a function of price. An implicit experiment may create multiple matched groups and expose each matched group to a different price (by offering coupons of different face value to each matched group). The difference in the response (user acceptance of the coupon and subsequent redemption) can then be used to construct the relationship between price and demand. An explicit experiment, on the other hand, can be based on a survey in which the users are asked to indicate the likelihood of their purchasing the product at different price points. Implicit experiments are less distracting and often more accurate, since they do not make the shopper conscious of a question being asked and have a greater probability of capturing the shopper s true intent. To the greatest extent possible, OMR should use implicit experiments.
These key innovations serve as cornerstones for systematic, rapid, and accurate online marketing research. Clearly, aspects such as matched groups are difficult to create in traditional forms of marketing research, but they can be constructed online, thus improving accuracy. Similarly, the use of implicit experiments (to the greatest extent possible) ensures greater accuracy, while the use of active learning minimizes the cost (especially if a coupon or other price-reduction mechanisms are used) and increases the speed. Besides enabling marketing research for businesses with budgetary constraints, online marketing research provides an opportunity for continual adaptation of the operational and strategic aspects of business to enterprises as well as small and medium-sized businesses.
Example of actionable business intelligence from OMR
The concepts presented in the previous sections are surprisingly powerful in the range of actionable business intelligence that can be provided to a merchant. We provide a small sampling of the possibilities:
• Determining price sensitivity: The price sensitivity of a product can be measured with matched groups, with each group being offered a variable discount based on offering e-coupons of varying face value to the individual groups. The response can be used to approximate the (unknown) relationship between price and demand. Segment-specific price sensitivity can be similarly determined, with all of the individuals in each group being restricted to the specific segment for which the price sensitivity is desired.
• Determining cannibalization effects/brand loyalty: Often a discount on an item increases the sales volume of that item at the expense of the sales volume of other items. One way of estimating the cannibalization effect is to select matched groups who have the product in question in their shopping cart. To each matched group except the control group, discounts of increasing amounts are offered on a competing product. The number of individuals who abandon the original item coupled with the discount value at which the switching occurs provides insights into brand loyalty.
• Catalog reordering: Product displays are known to have a correlation with sales [13] . Products that must be promoted are often displayed more prominently. By observing the response of matched groups to different display sequences, it is possible to extrapolate a sequence that is optimal for a given online store.
• Deriving attribute utilities: By constructing orthogonal arrays [3] [4] [5] , it is possible to see the differential response of the matched groups to products which differ in only a few of their attributes. The utility of each attribute can then be ascertained.
We have created a proof-of-concept prototype of these and other forms of OMR on top of the WebSphere* Commerce 5.4 BE server. Since OMR is not a part of the product, it is not possible to quantify the benefits that can result from its use. However, it seems reasonable to assume that such functionality can facilitate informed marketing and merchandizing decisions. At a more rudimentary level, many Web sites do use an explicit form of marketing research. For example, pop-up windows asking a single question or information pages which have a question ("Did you find this information useful?") represent the first step in online marketing research. However, we are not aware of systematic methods for online marketing research such as those proposed in this paper.
Discussion and conclusion
The rapid growth of the Internet as a medium for commerce prompts the need for continued innovations. Virtual businesses, formed on the basis of partnerships of smaller businesses and other changes, are redefining the requirements for future-generation commerce servers. However, there is little doubt concerning the need for a business to know its customer base. As is known, retail strategies and customer characteristics have a great impact on the response of promotions [14] . From that perspective, marketing research has substantial potential for allowing a business to know its customers better.
Privacy concerns may arise from any online marketing research activity. Various associations [15] provide guidelines on the appropriate use of the Internet for opinion and marketing research. When conducted appropriately, OMR benefits businesses of all sizes, increases competition, and delivers increased value to the customer. Indeed, the offering of an e-coupon based on gathered intelligence allows a merchant to make relevant offers to customers while at the same time allowing customers to increase their buying power.
*Trademark or registered trademark of International Business Machines Corporation.
